Nucleotide substitution is a major evolutionary driving force that can incrementally and stochastically give rise to broad divergence patterns among species. The substitution process at each genomic position is frequently modeled independently of the other positions, although complex interactions between nearby bases are known to significantly affect mutation rates. Here, we study the evolution of 12 fly genomes using new algorithms for accurate inference of parameter-rich substitution models. By comparing models between lineages, we reveal the evolutionary histories of substitution rates at different flanking nucleotide contexts. We demonstrate these driving forces of molecular evolution to be constantly changing, suggesting that neutral drift of mutation rates is an important factor in the evolution of genomes and their sequence composition. This observation is used to develop a scalable approach for parameter-rich comparative genomics. By screening short DNA sequences, we demonstrate how homeoboxes and other transcription factor binding motifs are highly conserved based on our parameter-rich models but not according to standard conservation assays. With the increasing availability of genome sequences, rich substitution models become an attractive and practical approach for evolutionary analysis in general and comparative genomics in particular.
Introduction
A key challenge in molecular evolution is to model quantitatively the stochastic process that transforms the genomic sequences of ancestral species into those of the present ones through a series of ''substitutions.'' The classical models that describe nucleotide substitutions were originally conceived when the number of species under study and the amount of sequence available were roughly comparable. This limited availability of data led to the design of models with few parameters and promoted a universal approach to the molecular evolution at different lineages and different loci (Kimura 1980; Felsenstein 1981) . The technological breakthroughs that now allow for massive sequencing of whole genomes open the way to refined models of sequence evolution and to questions on the origin and dynamics of the substitution process itself.
Several works have demonstrated a strong evolutionary coupling between adjacent genomic positions and suggested ways to model evolving sequences while taking into account ''context-dependent substitution rates'' (Pedersen and Jensen 2001; Arndt et al. 2003; Ronquist and Huelsenbeck 2003) . In this class of models, the stochastic substitution process at each genomic locus depends on the state of the stochastic substitution processes occurring on the flanking loci. The comprehensive work by Hwang and Green utilized a Markov-chain Monte Carlo sampling algorithm for estimating context-dependent substitution rates from a 1.7-MB wide mammalian genomes alignment (Hwang and Green 2004) . Siepel, Haussler, and coworkers combined phylogenetic and hidden Markov models (PhyloHMM) and developed approximate inference methods given a (one-sided) context-dependent evolutionary process (Jojic et al. 2004; Siepel and Haussler 2004) . Subsequent works focused on understanding the scope of context dependencies and proposed ways to learn a robust and accurate context-aware sequence evolution model (Nielsen 2002; Lunter and Hein 2004; Arndt and Hwa 2005; Christensen et al. 2005; Baele et al. 2008; Hobolth et al. 2008; Baele et al. 2010a Baele et al. , 2010b de Koning et al. 2010; Nevarez et al. 2010) . Importantly, much of the work on context-dependent evolutionary processes so far was done in light of the remarkable mutability of the CpG context in mammals (Takai and Jones 2002; Arndt and Hwa 2005; Tanay et al. 2007) , while the context dependency of substitutions in other contexts or clades are not commonly regarded as being a major confounding factor for evolutionary analysis.
A major obstacle preventing the application of rich evolutionary models for comparative genomics is the computational complexity of probabilistic inference for large groups of interacting evolving loci. Sampling techniques as those introduced by Hwang and Green may be effective for estimating the model parameters but are less efficient for ancestral inference over large genomes. The variational methodology for approximate inference with PhyloHMM (Jojic et al. 2004) was not further developed and refined.
Several recent works developed the notion of continuous time Bayesian network and proposed its application to study interacting evolving loci (Nodelman et al. 2002 (Nodelman et al. , 2005 Cohn et al. 2010 ). Yet, analysis of whole genomes involving billions of random variables using these techniques is currently not practical. Consequentially, comparative genomics is still frequently approached using models that were developed 30 years ago.
Here, we introduce new methods for estimating and applying context-dependent substitution models on a truly genomic scale. We demonstrate our algorithms to be highly accurate on realistic simulations and on real data and then use rates inferred from over 1 billion bases of Drosophila alignments to explore the dynamics and lineage specificity of the substitution process. The high-resolution data and methodology provide us with evidence on gradual divergence of context-dependent substitution patterns and show this divergence is independent of overall changes in G/C content or transition/transversion ratio. The data show that substitution rates are evolving traits themselves and suggest their drift can affect genome composition and organization over prolonged evolutionary periods. On the applicative side, we demonstrate how our refined models for sequence evolution lead to improved comparative genomics and demonstrate their use for quantifying conservation of putative transcription factor binding motifs.
Materials and Methods

Terminology
For brevity, we assume the reader is familiar with basic concepts of probabilistic models, such as Bayesian networks, CPDs, and factor graphs. Some definitions and additional references are provided in supplementary appendix 1 (Supplementary Material online).
Data Sets
Multiple alignments of the Drosophila melanogaster, Drosophila simulans, Drosophila sechellia, Drosophila yakuba, Drosophila erecta, Drosophila ananassae, Drosophila pseudoobscura, Drosophila persimilis, Drosophila willistoni, Drosophila virilis, Drosophila mojavensis, and Drosophila grimshawi were downloaded from the UCSC database (Fujita et al. 2010) . Definitions of coding regions were taken from the flybase gene table in the UCSC database. Throughout this paper, we assume a fixed phylogenetic structure, as determined before (Clark et al. 2007) , and focus only on the substitution dynamics over this tree.
Model Description
We use a parameter-rich graphical model that describes context-dependent evolution of nucleotides. The model is similar to the one used by Hwang and Green (2004) , but instead of sampling-based inference, we have developed new algorithms that allow for efficient genomewide inference of ancestral sequences. The model avoids using assumptions on the reversibility of the evolutionary process since context-dependent substitutions are typically not in detailed balance (e.g., rapidly C to T deaminations in CpG dinucleotide in mammalian genomes are stabilized by different substitution types fixating new CpGs) (Takai and Jones 2002; Tanay et al. 2007; Baele et al. 2008 Baele et al. , 2010b Cohen et al. 2011) . In addition, the model is not assuming a universal rate matrix or any other constraint on the rate parameters in or between lineages. Instead, for each lineage, the model defines 192 parameters, one for the substitution rate of every mutation type at every flanking sequence context. We use a second-order Markov chain to describe the root species sequence (Hwang and Green 2004) . A major problem in the modeling of context-dependent processes is the concurrency of change at adjacent loci, which in principle transforms the standard evolutionary inference problem that integrates over possible values of the unobserved ancestral species into a much more difficult one that requires integration over all possible evolutionary trajectories across lineages (Nodelman et al. 2002 (Nodelman et al. , 2005 . We circumvent this problem by approximating the continuous time Markov process using discrete equally spaced time points at each lineage (Hwang and Green 2004) (we refer to the sublineages between two time points as ''segments''). We determine the size of the segments adaptively as described below. This allows us to work in the framework of Bayesian networks with parameters representing substitution probabilities and not rates, and approximate the inference problem in a discrete domain.
Given a phylogenetic tree T and a division of the tree lineages to segments N, we denote by Pa(i), the parent of species i according to T and by N i , the number of time points in lineage i.
We define: Paði; tÞ5f ði; t þ 1Þ t þ 1,N i ½PaðiÞ; 0 t þ 15N i (see supplementary fig. S1B, Supplementary Material online, for depiction). We note that the lineages division to segments is iteratively refined throughout the learning algorithm as described in further details, in the overview of the model-learning algorithm section.
Our model is a Bayesian Network with random variables representing nucleotides in extant or ancestral lineages. In our notation, S j i;t represents the nucleotide at locus j in the lineage leading to species i, at time point t, where t 5 0 is the time point at the end of the lineage, t 5 1 is the time point just preceding it and so on. The Bayesian Network is then defined based on the conditional probability distribution (CPD) assigned to each variable. Two types of CPDs are introduced:
Background (root species) CPD's: We focus our attention to studying substitution rates in noncoding regions. We learn independently parameters for both coding and noncoding regions, using the latter only to guide inference of ancestral noncoding sequences on boundaries of coding and noncoding sequences.
Overview of the Model-Learning Algorithm
We learn substitution model parameters using an Expectation Maximization (EM) strategy (Koller and Friedman 2009) . The nonstandard aspect of the algorithm is the update of lineage segmentation policy by transforming the conditional probabilities of substitution derived by each EM iteration into approximated rate matrices and using the rates to determine the number of segments in each lineage for the next EM iteration.
The algorithm starts by initializing: It then repeats the following steps until convergence:
1. Computing Lineage Segmentation: We set lineages segmentation so that probability of divergence between two time points for every substitution type and every context is smaller than some tolerance parameter (here 0.025, which is sufficiently small to make the probability of double substitution on the same or adjacent loci very small). The number of time points along lineages varies from a minimum of 5 on short lineages to ;30 on long lineages (e.g., the lineage leading to D. willistoni). 2. Ancestral Inference (E step): is performed using a novel approximated inference algorithm based on Mean-Field approximation in Bayesian Networks which is fully described in the subsequent sections. 3. Reestimation (M step): To handle gaps correctly, we treat gap loci in extant species as missing data and define a lineage on a certain locus ''active,'' if observed data (sequence and not gaps) is present on at least one extant species connected to each of the lineage two ends. In order to obtain reliable parameter estimates, we collect statistics PrðS Paði;tÞ Þ; only if lineage i is active on loci j À 1, j, j þ 1 (other cases must involve gaps on the locus itself or on its flanking loci). Similarly, we define the root species on certain locus to be active, if there is sequence data in both its children subtrees and collect statistics of the form PrðS j root;0 ; S jÀ1 root;0 ; S jÀ2 root;0 Þ; only if the root species is active on loci j À 2, j À 1, and j. We note that ignoring loci near gaps may incur various biases, including biases caused by alignment algorithms and real mutational preferences. Our analysis suggests that these potential artifacts are not affecting the results in our case, since focusing on loci with at least 2 active flanking lineages on each side did not change the learned model parameters significantly. Since our model is a Bayesian network, we can reestimate parameters given inferred sufficient statistics (the posterior probability distribution for each variable given its parents in the network) as follows (Koller and 4. Calculating substitution rates from the model substitution probabilities: The native form of the model, and the one used to infer ancestral distributions, is using conditional substitution probabilities on lineage segments and not substitution rates matrices. This provides us with maximum flexibility and allows for lineage-specific models to be learned. In some cases, however, we need to represent the process on a lineage in a simple and lineage lengthindependent fashion. This is the case when we determine lineage segmentation (step 1 above) or when we compare substitution rates between lineages. We therefore compute approximated rate matrices given the full parameterization of the model by searching for the logarithm of the substitution probability matrices. In general, not all conditional probability matrices have a logarithm (rate matrix whose exponential equals the CPD). We are therefore using a standard nonlinear Broyden-Fletcher-Goldfarb-Shano (BFGS) (Press et al. 2007 ) optimization method to find a rate matrix whose exponential minimizes the L1 (sum of differences) norm with the substitution probability matrix learned by the EM. To facilitate the optimization, the matrix exponential is represented by the Taylor series and the search is initialized with the first order approximation r x/y 5PrðyjxÞ. In our studies of the fly substitution models, the L1 norm between the original learned CPD and the exponential of the estimated rate matrix is typically of order 10
À6
.
Ancestral Inference Algorithm Overview
Even if assuming a model as defined above is given, inference of ancestral sequences (the E step) in a contextdependent model is an extremely challenging computational problem. We therefore developed an approximation scheme, which is targeted at the posterior distributions of single ancestral nucleotides or triplets of ancestral nucleotides given the aligned sequences of the extant species. This approximation is thereby maximizing accuracy for the two main applications of the ancestral inference algorithm described below: an EM-like model-learning algorithm and genomewide comparative genomics of sequence motifs.
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We approximate the posterior distributions over the ancestral sequences using an iterative Generalized Mean Field algorithm (Jordan et al. 1999 ) (see formal definition in supplementary appendix 2, Supplementary Material online). In short, the algorithm first uses a decomposition of the model into locus independent trees and repeatedly optimizes the posterior distribution approximation of one locus while fixing the current approximated posteriors at adjacent loci as in (Jojic et al. 2004) . After the process converges, the approximated posterior probabilities of single pairs of parent and child nucleotides are accurate, but the approximated joint posterior probabilities of these with their contextsare assuming independence and are therefore very inaccurate. We solve this problem by performing one final round of mean field optimization, this time approximating separately the posterior probabilities of each overlapping triplet of loci as one component while fixing the (previously computed) approximated posteriors of adjacent single loci. This provides accurate posteriors for triplets as well as single nucleotides. We next describe the algorithm in some more detail.
Tree Structured Mean Field Representation
While the complete model is represented as a standard Bayesian Network, the approximated posterior distribution on each tree component is represented via a factor graph (for definition, see supplementary appendix 1, Supplementary Material online). The evolution of context along time is captured by the fact that the factor graph parameters vary between the different segments of the same lineage. We decompose the model into tree factor graphs components such that the j'th component C j contains all sequence variables corresponding to the j'th locus fS j i;t : "i; tg. The entire sequence posterior distribution function is then approximated as Q j P j ðC j Þ.
Tree Approximated Posterior Initialization
In general, any valid distribution may be used for initialization of the mean field posterior approximation. However, the choice of initialization may affect both accuracy of the approximation and the number of iterations required to reach convergence. Here, the initial posteriors approximation for each locus are initialized by running Felsenstein's updown algorithm (Felsenstein 1981 ) independently on each position, using substitution parameters that equal the average of the model CPDs over all possible sequence contexts: 
Mean Field Tree Components Optimization
Iteratively, one tree component is selected randomly and its approximated posteriors are optimized according to the Mean-Field variation principle while using the initial or updated approximation on the adjacent tree components. Upon optimizing the approximation over C j , the mean field algorithm represents it as a factored distribution, whose factors are derived from the original model CPDs that intersect with C j (for detailed calculations, see supplementary appendix 3, Supplementary Material online). We note that given these factors, all the effects of the j'th tree on other loci and of other loci on the j'th tree are accounted for, and the approximated posterior of component j can be computed using the standard dynamic programming algorithm on trees. The iterative mean field process can be shown to monotonically improve the free energy of the decomposed posterior distributions and is thus guaranteed to converge (supplementary appendix 2, Supplementary Material online). Here, we determine convergence once all tree components posteriors are recomputed without a significant change (all parent-child posterior change from the previous iteration ,0.0001). The posterior approximations on boundary loci (the start or end of the sequence) are not updated and remain fixed with the initial approximation (and are therefore ignored when learning parameters).
Reestimating Posteriors of Triplet Components
As argued above, the decomposition of the model into independent trees is not accurate enough for triplet posterior queries of the form PrðS 
The triplet tree T j contains all sequence variables of loci j À 1, j, j þ 1 ðfS jÀ1 i;t ; S j i;t ; S jþ1 i;t : "i; tgÞ. Similar to the previous step, a mean field algorithm then represents the triplet component as a factored distribution, whose factors are derived from the original model CPDs that intersect with T j . We perform exact inference on the triplet tree using a junction tree (clique tree) algorithm (Koller and Friedman 2009) , with cliques containing 6 variables corresponding to parent-child pairs on all three loci fS Paði;tÞ g. For each sequence position, we perform this step exactly once, using the same set of tree posteriors computed by the previous step of the algorithm. As both storage and run time grow exponentially with the number of variables in a clique, the computational cost of performing exact inference with triplet trees dominates other parts of the ancestral inference algorithm, but this is essential for ensuring accuracy.
Visualizing Lineage Lengths and Lineage Distance
Since the idea of context-and lineage-dependent substitution process implies that multiple molecular clocks are Chachick and Tanay · doi:10.1093/molbev/mss056 MBE working variably in different lineages, the model we have implemented cannot be summarized adequately using lineage length parameters. In cases where lineage length approximation are nevertheless practically desirable (mainly for visualization or comparison of different lineages), we estimate them based on the simplest model of molecular evolution (one parameter Jukes-Cantor model) using the formula t } ln½1ÀnpðtÞ n
; where p(t) is the average substitution probability and n 5 4. For model analysis, we define the distance between two lineages as the distance between their middle points on the phylogenetic tree. It should be emphasized that these lineage lengths are not used by the ancestral inference or model-learning algorithms.
Normalization and Clustering of Model Parameters
In order to compare changes in context dependency rather than changes in G/C content or other general modification in the substitution spectrum, rate parameters were normalized to their ratio comparing with other rate parameters of the same substitution type: norm rðxYz/xTzÞ 5 rðxYz/xTzÞ P n;m rðnYm/nTmÞ :
We used standard clustering methods and implementations (K-means, hierarchical) (de Hoon et al. 2004 ) in order to group lineages with similar rate patterns. The results described below are reproducible on several clustering schemes (complete linkage, average linkage, and single linkage) and different similarity scores (Spearman, Euclidian).
Conservation Scores
The generalized mean field inference method provides a compact representation of the joint distribution of sequence variables at each locus in the form of a tree component that captures the influence of adjacent loci. On each tree component, the posterior distributions of parent-child pairs provide sufficient statistics for the evolutionary dynamics at that locus. We estimate the ''Inferred'' number of substitutions along lineage i, at locus j, (denoted M We estimate the ''expected'' number of substitutions along lineage i at locus j, as the sum of substitution posterior probabilities over the lineage segments, when the observed data on the nucleotides at locus j is discarded. This quantity is normalized by the empirical posterior distribution at the lineage head variable. Having these statistics computed, we define the conservation score of clade C in a certain genomic region R as the log of inferred to expected number of substitutions ratio. Con 2ðR; CÞ 5 logð
The Inferred and expected values are calculated for active loci only (as defined above: loci on lineages for which no gaps are present on both sides).
Simulation of Sequences Using Context-Dependent Rate Model
We used 2 models for simulating multiple alignments over the Drosophila phylogeny structure: 1. A model learned from the Drosophila sequences themselves. 2. Random rate models. We assigned each lineage length randomly with magnitude within the range of the Drosophila lineages lengths (thus the average number of simulated mutations is similar to that inferred for the Drosophila species). We set each context-dependent rate parameter randomly under the constraint that all rate matrices diagonal entries are the same, so the intensity of the evolutionary process is completely determined by the lineage length, which reflects that of the Drosophila species, but the context effect is random.
Simulation of alignments was then performed as follows: The root sequence was sampled from a second-order Markov model (choosing the first two nucleotides uniformly and extending the sequence to the right by drawing from the model's conditional distribution). The evolutionary process on each lineage was sampled as a series of context-dependent substitutions events. At each time point, the process is defined by a set of local context-dependent rates. The next substitution event is sampled using the two universal properties of the exponential distribution:
Sampling can therefore be performed by drawing from the combined rate (1), performing a substitution according to (2), and updating the rates of the affected contexts to repeat the process until the total lineage time is reached.
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Approximate Running Times
The running time of the algorithm grows linearly with size of the aligned sequence and number of ''segments'' (sublineages) in the phylogenetic tree. In this work, we applied our algorithms on the Drosophila phylogeny containing 22 lineages and overall 196 segments. Using a single 2.6 GHz core and working on 1 MB of aligned sequence without gaps, the ancestral inference algorithm complete in 2,735 s in single trees mode and 3,4761 s in triplet trees mode. Distributing the algorithm on multiple cores and machines is routinely done to allow very practical running times for the entire 130 MB Drosophila genome.
Results
A Novel Algorithm for Context-Dependent Evolutionary Inference
In order to study the effect of flanking contexts on substitution rates in a comprehensive fashion, we first had to develop a scalable and accurate framework for inferring ancestral sequences and learning substitution rate matrices while considering the evolution of sequence contexts. We used a parameter-rich model that describes the rate of every nucleotide substitution (e.g., A / G) in each of the possible 16 flanking contexts (e.g., aAa / aGa) (Hwang and Green 2004; supplementary fig. S1 , Supplementary Material online). The model includes different sets of parameters for every lineage and therefore allows for changes in the relative rate at different contexts along the phylogeny. It also distinguishes among the parameters governing the evolution at different classes of genomic regions (here exons and nonexons). The context-dependent process couples all evolving genomic loci into one single overwhelmingly large computational problem. We developed and implemented variational inference algorithms for estimating posterior ancestral sequences and learning substitution parameters in such densely connected model, allowing analysis of whole genome alignments and robust learning of parameters (Materials and Methods).
We first demonstrated the algorithm's performance by simulating 10 MB of sequence evolution on realistic sequences and substitution parameters (Materials and Methods). Comparison of the models learned by our algorithm to the simulated models suggested we are capable of accurately reconstructing context-dependent rate matrices in a Drosophila-like phylogeny within less than 3% relative parameter error on average ( fig. 1A ). Parameters were inferred with high accuracy for a wide range of lineage lengths, showing that rates at ancestral lineages can be robustly analyzed ( fig. 1B and C) . Similar accuracy is obtained when simulating evolution using random substitution matrices (supplementary fig. S2 , Supplementary Material online), confirming that the algorithm's accuracy does not depend on the structure and dependencies among parameters. These simulations confirmed that we can study quantitatively and compare systematically the substitution rate parameters for extant and ancestral lineages given multiple alignment data.
A Parameter-Rich Model for Drosophila Genome Evolution
We next used the model to estimate context-dependent substitution rates for a data set of aligned autosomal sequences of 12 Drosophila species ( fig. 1D) (Clark et al. 2007) . Our algorithm analyzed a total of ;148 MB aligned positions projected on the D. melanogaster autosomal genome. In addition to performing simulations using fly-like parameters as described above, we evaluated the robustness of our model-learning procedure by comparing substitution rates at reverse complementary contexts (e.g., aCg / aTg and cGt / cAt). These rates can be assumed to describe the same substitution process, but were learned independently by the algorithm. As shown in supplementary figure S3 (Supplementary Material online), the correlation between reverse complementing substitutions is very high (Pearson correlation ;0.997, ratios within ;3%), suggesting that the fly alignments were sufficiently rich to allow robust learning of all model parameters.
We next extracted for subsequent analysis 20 rate matrices (one for each nonroot lineage), including 192 parameters each. According to our simulations, the rate matrices thus derived are accurate and comparable, even though the phylogenetic tree we modeled describes evolution on lineages that vary in length considerably, from the shortest D. persimilis lineage (t 5 0.46), to the longest D. willistoni lineage (t 5 6.95) ( fig. 1D ). We excluded from our study matrices inferred from coding sequences, since the evolutionary dynamics in them couple context-dependent differences in mutation rates with a strong and context-dependent selective pressure on peptide sequences and codon compositions.
Flanking Contexts Are Strongly Correlated with Substitution Rates throughout the Fly Phylogeny
Our estimated model shows that context significantly affects the mutational dynamics throughout the entire Drosophila phylogeny and the entire mutations spectrum. For most substitutions and lineages, the rate varies at least 2.5-fold between different flanking contexts, with a fold change of 5-fold and more for some substitution types. The context effect is sufficiently strong such that rates of transitions in ''conserved'' contexts can be smaller than rates of transversions in ''mutable'' contexts ( fig. 1E and F;  supplementary fig. S4 , Supplementary Material online). For example, over the D. melanogaster lineage, the rate of the transition C / T is 3.5 times slower in the gCa context (i.e., gCa / gTa, q 5 0.014) than the tCc context (i.e., tCc / tTc, q 5 0.048). The rate of the transversion C / A in the same lineage ranges between q 5 0.0078 in the tCg context to q 5 0.021 in the aCc context. As suggested before ( 
Context-Dependency of Substitution Rates Is Correlated among Lineages
After reconfirming that the flanking nucleotide context plays a significant role in the evolution of fly genomes, we aimed at checking whether the parameter-rich substitution rate matrices we inferred are conserved between the different lineages in the phylogeny. In order to do so, we compared the 16 rate parameters of each substitution type (one for each flanking context) between different lineages. Overall, we observed highly correlated context-dependent substitution rates among lineages ( fig. 2A) . The conservation of substitution dynamics was, however, dependent on mutation type. The A / G and A / T substitution types Divergence of Context-Dependent Substitution Rates · doi:10.1093/molbev/mss056 MBE magnitudes are not smaller than that of substitutions of types A / G and A / T. The remaining substitution types (C / T, C / G) showed generally conserved context dependency, but to a lesser extent than A / G and A / T. The mechanisms contributing to these different behaviors among mutation types remain unclear, but the divergence in rate parameters itself is raising the intriguing hypothesis that the substitution rates controlling the evolutionary process are themselves drifting throughout the evolution of the Drosophila group.
Evolution of Context-Dependent Substitution Rates
While the inferred sequences of ancestral species are highly correlated through their underlying phylogenetic structure, by the design of our model, the rates of evolutionary change in connected lineages are completely independent a priori. We hypothesized that divergence patterns in context-dependent substitution rates will nevertheless follow the species phylogeny, generating an evolving molecular signature whose evolutionary history can be inferred much like other genomic features. This idea was supported by comparison of the correlation between substitution rates and the overall phylogenetic distance (Materials and Methods), demonstrating higher similarity of the context-dependent substitution matrices for lineages with smaller phylogenetic distance (Pearson correlation 0.74) ( fig. 2B and C) . In order to further investigate this hypothesis, we unsupervisingly clustered lineages according to their normalized rate matrices (Materials and Methods). To focus our analysis on the divergence of context dependency rather than changes in G/C content or other general modification in the substitution spectrum, we normalized separately the 16 rates for each substitution type. As shown in fig. 3 , the clusters we derived using the variability in contextdependent substitution rates alone follow closely the organization of the Drosophila phylogeny. Chachick and Tanay · doi:10.1093/molbev/mss056 MBE the long phylogenetic branches leading to D. ananassae and D. willistoni. We note that the substitution dynamics estimated from long lineages are inevitably averaging over a process of gradual change in rates, as in the case of the lineage leading to the D. yakuba/D. erecta ancestral species which combines features of the melanogaster groups with features of the remote ancestral lineages. The clusters can be further subdivided into smaller subclusters compatible with the finer structure of the phylogenetic tree as in the pairing of D. simulans and D. sechellia inside the melanogaster group or the division of the ancestral lineage group into two coherent subgroups.
Context-dependent substitution rates are therefore shown to evolve along the Drosophila phylogeny, changing sufficiently slowly to allow inference of phylogenetic relatedness from their comparisons, but sufficiently rapidly to generate significant differences among lineages. As shown in figure 3 , the specific rates that distinguish lineages and clades do not appear to be predictable by the divergence of simpler traits like GC content. Instead, the entire substitution process appears to be subject to continuous stochastic divergence. This represents a fundamental dynamical process in molecular evolution, which may play a role in shaping genome content and structure.
Quantifying Sequence Conservation Using Context-Dependent Evolutionary Inference
Comparative genomics frequently aims at identifying conserved genomic regions as proxies for putative functional elements. In another common application, a set of genomic elements derived experimentally are tested for overall conservation in order to support their functional role. The heterogeneity of the molecular evolutionary process, as demonstrated above, suggests that a parameterrich approach may be effective for quantifying sequence conservation. We used our context-aware and lineagespecific model for sequence evolution to estimate for each position in the D. melanogaster genome, the number of substitutions observed in each of the lineages available for analysis for that position (Materials and Methods). We compared this empirical divergence to the number of substitutions expected by the model. These inferred statistics take into account the complex evolutionary process that couples adjacent positions, and correctly count double FIG. 3 . Substitution rates are evolving along the Drosophila phylogeny. Shown is the schematic Drosophila phylogenetic tree (branch lengths not drawn to scale). Normalized substitution rates are depicted using a color-coded matrix as indicated in the top-left corner (blue 5 low, black 5 medium, and yellow 5 high). Color-coded rates are shown for each phylogenetic lineage. Groups of lineages that were clustered together without prior assumptions are indicated by encircling ovals (with secondary clustering shown using dashed lines). All of these clusters are compatible with the phylogenetic tree. Also indicated are specific rate parameters that distinguish between the different clusters (top right corner). These rate parameters are obtained after clusters were computed, by choosing for each cluster the two parameters whose mean (over the species within the cluster) is highest\lowest compared with the mean over species in other clusters.
Divergence of Context-Dependent Substitution Rates · doi:10.1093/molbev/mss056 MBE substitutions at the same lineage. The ratio of the observed and expected number of substitutions provides a robust indication for local sequence conservation (though it may be biased by variable rates of insertions and deletions; Tanay and Siggia 2008) . The resulted con2 conservation score is available for systematic comparative genomics in flies through our website (http://compgenomics.weizmann. ac.il/tanay/?page_id5169).
Conservation of Homeobox Motifs in Flies
We demonstrated the use of the con2 conservation score by screening for conserved DNA k-mers. For every DNA k-mer (k 5 6, 7, 8), we computed total observed and total expected substitutions for the set of all noncoding loci containing that k-mer in the D. melanogaster's genome. We then screened for k-mers with low observed/expected divergence ratios. This screen could not distinguish between increased rates of gain or loss of the k-mer under study (since we conditioned on the appearance of the motif in the melanogaster genome), but it did control for the variable substitution rate at each of the sequence contexts inside the k-mer. As shown in figure 4A and B, the con2 score and the commonly used, context and lineage-independent phastcons score (Siepel et al. 2005 ) are generally compatible (Spearman correlation 5 À0.78, À0.84, À0.87 for k 5 6, 7, 8, respectively, note that phastcons ranks conserved loci with high scores while con2 ranks them with low scores). However, particular groups of k-mers show better evidence of overall conservation in the novel scoring method. For example, TAATTA containing motifs were ranked significantly high by con2, but not by phastcons. These motifs are associated with homeobox binding (Noyes et al. 2008 ) and their conservation is compatible with their widespread functionality in developmental processes. Analysis of nonexonic TAATTA boxes conservation with respect to their distance from the transcription start site (TSS) ( fig. 4C ) reveals a surprising pattern, where conservation is significantly weaker over the 700 bp upstream and 2KB downstream the TSS (note that exon sequences are excluded from the analysis). For comparison, the TTA-TAA motif (having the same A/T content but no homeobox affinity) is generally unconserved, and lacks specific bias toward TSSs. The reduced conservation of homeobox motifs next to TSSs may represent increased rate of gaining new motifs there (leading to an overall enrichment at TSSs, fig. 4E ), or indicate that HOX binding sites are on average under a weaker evolutionary constraint at TSSs. As further demonstrated by additional examples (supplementary fig.  S5 , Supplementary Material online), context-dependent evolutionary modeling is allowing robust analysis of the conservation of short genomic ''code-words,'' while accounting for the distinct sequence contexts that affect substitutions in them.
Discussion
Context-Dependent Sequence Evolution and Its Divergence Patterns
In this work, we introduce new techniques for evolutionary inference that allow accurate analysis of context and lineage-dependent substitution rates from whole genome alignments. We applied our method to aligned sequences of Drosophila genomes over a previously determined phylogenetic structure and demonstrated that context plays a significant role in their evolution, affecting all mutation types within a factor of 2-5. Moreover, the analysis suggested that the context-dependent substitution matrices and phastcons scores for all DNA 8-mers, highlighting all motifs containing the TAATTA homeobox motif. Also highlighted is the GTCTAGAC 8-mer, which is indicated to be highly conserved (a similar motif is associated with the Smad binding elements [SBE] family in mice [Zawel et al. 1998; Cutroneo and Phan 2003] ). (C) Homeobox TSS conservation profile. Nonexonic genomic loci were grouped according to their distance from the nearest TSS and the distributions of con2 scores for TTATAA and TAATTA motifs at each group are depicted. The distributions show overall conservation of the TAATTA homeobox motifs relative to the background (and also relative to the TTATAA control), but suggests this overall conservation is weaker around TSSs. (D) ACTTAC TSS conservation profile. Similar analysis for the ACTTAC motif, which is a putative splicing acceptor motif (Rovescalli et al. 2000) . Increased conservation on gene bodies is observed (E,F) Motif TSS enrichment. Shown are the ratios between observed and expected D. melanogaster abundance of the homeobox (E) and splicing (F) motifs relative to TSSs. The homeobox motif shows weak enrichment in proximity to TSS, while the splicing motif shows strong enrichment downstream to the TSS.
Chachick and Tanay · doi:10.1093/molbev/mss056 MBE themselves evolve throughout the Drosophila phylogeny since clustering of lineages based on context-dependent substitution rates was highly compatible with the species phylogenetic tree. The complexity of molecular evolution and the coupling between adjacent evolving loci were convincingly demonstrated before (Hwang and Green 2004; Siepel and Haussler 2004; Arndt and Hwa 2005) and in particular were shown to affect CpG evolution in mammalian genomes (Arndt and Hwa 2005; Tanay et al. 2007; Baele et al. 2008 Baele et al. , 2010a Cohen et al. 2011) . Here, we show that differences in context-dependent substitution rates among lineages can be explained by slow divergence of evolutionary rate matrices and cannot be accounted for by overall changes in G þ C content or the overall intensity of different mutation types (Singh et al. 2009 ).
Divergence in the Substitution Process: Drift or Selection?
The divergence of the context-dependent substitution process throughout the fly phylogeny can be rationalized in several ways. One hypothesis is that the mutational process is subject to essentially neutral drift following small (and rare) changes in the DNA replication and DNA repair mechanisms. Such changes can affect the mutation flux by increasing or decreasing the probability of certain mutations in certain contexts. Direct selection on such changes to the mutation flux is likely to be difficult since their effect is secondary: it only changes slightly the fraction of weakly deleterious mutations in offspring of the carrying individuals. This may result in slow neutral or weakly deleterious drift of context-specific mutation rates that will lead to evolution of substitution rates as we report here.
An alternative to the above neutral hypothesis is that the overall genome k-mer spectrum is subject to lineage specific selection. Importantly, while the genomes we studied vary significantly in their G þ C content, the context-dependent variation in substitution rates are not compatible with a global effect increasing or decreasing G þ C content, as confirmed by analysis of rates that were normalized separately for each substitution type. This suggests that selection for nucleotide composition in itself cannot explain the variable substitution process. The idea that the observed substitution rates are a result of lineagespecific selection for some optimal genome's 3-mer distributions is not supported by the data as well, since changes in substitution rates that fixate the same DNA triplet are frequently contrasting (e.g., the D. melanogaster's clade is characterized by high cAa / cCa rate, but average cAa / cGa, cAa / cTa rates. The D. pseudoobscura clade is characterized by high aCt / aAt, aCt / aTt rates but low aCt / aGt rate). More generally, selection is likely to target particular longer motifs (as in the homeobox motif example of fig. 4 ), but such selection typically affects only a subset of the DNA triplets that define together the average rate of context-dependent substitution. We therefore hypothesize that divergence of context-dependent substitution rates in flies is primarily driven by slow genetic drift.
Searching for the Optimal Background Model for Comparative Genomics
The dependency of substitution rates in the immediately flanking nucleotides is observed here in a highly robust way for all substitution types. As discussed previously Arndt and Hwa 2005) , longer range contexts may be considered in an attempt to extend the model and improve its accuracy. Further extending the model is, however, problematic for two reasons. The first problem is technical and relates to the exponential increase in computational complexity of whole-genome evolutionary inference and the need for sufficient statistics to allow robust estimation of the parameters. The second problem is more fundamental and is rooted in the fact that longer range context models may integrate effects on functional sequences into the ''background'' model. In fact, even the models we inferred here undoubtedly combine some effects of selection into the estimated rate parameters, but as we discussed above for a limited flanking context, this effect must be relatively small. The optimal balance between accurate modeling of the substitution process and correct separation between an assumed ''background'' model and other ''selection'' effects is important for effective analysis of regulatory sequence evolution. The results we presented here argue that not taking into account the context at all is suboptimal, and that context-aware comparative genomics is an attractive and practical approach.
Supplementary Material
Supplementary figures S1-S5 and appendices 1-3 are available at Molecular Biology and Evolution online (http:// www.mbe.oxfordjournals.org/).
